ABSTRACT
INTRODUCTION
Time series data, longitudinal data or functional data are very common in agriculture, biology and medicine. Genetic mapping with these data is of utmost importance in understanding various biological processes, improving agricultural production and designing efficacious medications to prevent human diseases. We have developed a collection of genetic models and statistical methods for mapping quantitative trait loci (QTL) that affect function-valued traits (Wu et al., , 2003a (Wu et al., ,b, 2004a Ma et al., 2002 Ma et al., , 2003 . Our mapping approach, called functional mapping, estimates the dynamic changes of QTL effects during a course of organismic development through the implementation of universal growth laws (West et al., 2001 ) and the structured residual (co)variance matrix among different time points (see Kirkpatrick and Heckman, 1989) . Functional mapping has proven to be statistically more powerful and more precise because of a reduced number of parameters being estimated, and biologically more meaningful due to the consideration of biological principles underlying trait development (Wu et al., 2003b) .
In order to make our functional mapping tool available to a broader scientific community, we have developed a userfriendly Web-based user interface. It allows for mapping of single or multiple interacting QTL hidden in a data set * To whom correspondence should be addressed.
and significance tests of a number of biologically, clinically or agriculturally important variables through permutation or simulation approaches.
METHODS
The statistical foundation for FunMap to detect and map QTL is the mixture model. The mixture model assumes that each observation comes from an unknown one of an assumed set of distributions. More specifically, each observation, y, is assumed to have arisen from one of L (L possibly unknown but finite) components, each component being modelled by a distribution density from the parametric family f :
where π = (π 1 , . . . , π L ) T are the mixture proportions that are constrained to be non-negative and sum to unity; ϕ = (ϕ 1 , . . . , ϕ L ) T are the component-specific parameters, with ϕ l being specific to component l; and η is a parameter that is common to all components.
The estimation of the parameters contained in the mixture model using FunMap requires three major steps: first, determine the mixture proportions denoted as the frequencies of QTL genotypes for a particular genetic design; second, derive the normal density function for each genotype in terms of QTL and residual effects; and third, estimate the unknown parameters in the mixture model using particular computational algorithms. The derivation of QTL genotype frequencies in the first step needs Mendelian and population genetic knowledge, depending on experimental design, marker type, sampling scheme and population structure. In this step, there are two alternative choices for estimating the mixture proportions based on polymorphic markers, linkage analysis and linkage disequilibrium (LD) analysis. Linkage analysis is based on genetic linkage maps constructed from controlled crosses (including the backcross, F 2 and outcrossing population) or structured pedigrees and can provide a chromosome-or genome-wide scan for the presence of QTL. LD analysis maps QTL segregating in a natural population at Hardy-Weinberg equilibrium and is regarded as a powerful tool for highresolution mapping of QTL. We implement a haplotype-based closed-form solution for the EM algorithm in LD mapping of complex traits (Lou et al., 2003) .
FunMap
The second step in FunMap needs basic principles from quantitative genetics, general biology and biomedicine. Most QTL mapping methods are based on the normal distribution because the traits of interest are generally continuously distributed. While the traditional methods model the expected means (i.e. genetic values of QTL) purely based on quantitative genetic theories, FunMap attempts to embed various mathematical and differential equations in the mapping framework to reveal dynamic changes of genetic control over a biological or medical trait given its developmental nature. For example, we use logistic curves, g(t) = a/(1 + be −rt ), to trace growth trajectories at different time points t for various biological organs; use bi-exponential curves, V (t) = P 1 e −λ 1 t +P 2 e −λ 2 t , to approximate HIV-1 dynamics (Perelson et al., 1996) ; Emax models, E(C) = E max C/(EC 50 + C), to fit drug response at different concentrations C (Giraldo, 2003) and power curves, P (V ) = P = α/V + βV 3 + γ , to quantify the power required for a bird to fly at a particular speed V (Tobalske et al., 2003) . The parameters in these functions have particular biological or clinical means (see the references for detailed explanations).
Also different from traditional multivariate analysis, FunMap implements various methods to structure the (co)variance matrix among the same trait measured at different time points. This includes the incorporation of the first-order autoregressive [AR(1)] model commonly used for repeated measurement studies. Assuming stationary residual variances and correlations, the AR(1) model allows for the derivation of explicit estimators for the determinant and inverse of the matrix, which greatly facilitates the computation of FunMap. Violation of the variance stationarity assumption for a practical data set can be avoided by using the transform-both-sides (TBS) model (Carroll and Ruppert, 1984) . The TBS model can stabilize the variance with the optimal power of transformation. Thus, the TBS-based mapping model makes use of a homogeneous variance over time, and also preserve the biological properties of mathematical parameters contained in various equations (Wu et al., 2004b) . However, the TBS model constructed on the AR(1) model still needs the correlation stationarity assumption. This assumption can be relaxed by fitting time-dependent correlation using the structured antedependence model (SAD) (Nunez-Anton and Zimmerman, 2000) . Alternative approaches to structuring the (co)variance matrix include the use of a linear or non-linear mathematical function, as proposed by Kirkpatrick and Heckman (1989) , Pletcher and Geyer (1999) and Pletcher and Jaffrezic (2002) . Optimal matrix-structuring approaches can be determined according to model selection criteria (such as AIC or BIC) and computational feasibility (Zimmerman and Nunez-Anton, 2001 ).
The last step, aimed at solving the mixture model, relies upon statistical theories and computational algorithms. In the current version of FunMap, we incorporate an EM-simplex hybrid algorithm for parameter estimation. For , whose names are given beneath. Adapted from Ma et al. (2002) .
those parameters whose derivatives are difficult to derive (mostly contained in ϕ and η), the simplex algorithm is implemented (Nelder and Mead, 1965) . For the parameters whose explicit estimators can be derived, the EM algorithm provides efficient solutions (Lou et al., 2003) and is integrated with the iterative procedure of the simplex algorithm. FunMap implements permutation tests to set chromosomeor genome-wide critical thresholds (Churchill and Doerge, 1994) for the presence of QTL. After a significant QTL is detected, the profile of genetic effects of the QTL is drawn for a trait during its developmental process. FunMap implements simulation tests to determine critical thresholds for various variables. For example, for QTL mapping of growth trajectories, we can test the control pattern of the QTL to turn on or turn off in triggering its effect on organ development, the timing of maximal growth rate, the timing of maximal cancer acceleration or deceleration and the timing at which an organ reaches the threshold of interest in size.
To show the utility of FunMap in genetic mapping of a biological or biomedical process, we illustrate the graphical output from a pseudo-test backcross design of forest trees reported in Ma et al. (2002) . The data set includes a linkage group constructed by eight markers for 90 interspecific progeny and stem diameters measured for each tree at the first 11 years in a trial. In Figure 1 , a profile of the test statistics for one QTL at a given location versus no QTL for stem diameter growth is shown across the linkage group. A peak Figure 1 . The times at the inflection point (t I 1 and t I 2 ) are indicated for the two QTL genotypes Q 1 Q 2 and Q 2 Q 2 , respectively. Adapted from Ma et al. (2002). of the profile, beyond the empirical estimate of the critical value from 1000 permutation tests, 45.56 at the significance level 0.01, corresponds to the location of a QTL at ∼13 cM from marker CA/CCC-640R. FunMap automatically records the time for one round of calculations including the estimation of the profile at the default 2 cM stepsize. A user can choose the number of chromosome-or genome-wide permutation tests for the hypothesis test regarding the presence of QTL. The seconds used for a genome-wide scan and permutation tests are automatically recorded.
The growth curves of stem diameter are drawn using the estimates of logistic parameters for two genotypes at the QTL detected on the linkage group (Fig. 2) . This QTL is detected to be inactive until trees grew to about 6 years in the field. And its effect on diameter growth increased with ages. This QTL is also detected to exert a significant effect on the timing of the inflection point at which there is maximal growth rate (Fig. 2) . Graphic outputs for the two figures and the raw data underlying the figures can be downloaded.
In addition to growth curves, FunMap can analyse other functional data, such as HIV dynamics, drug response based on the Emax model and bird flight, as long as appropriate mathematical functions are given. FunMap allows for the model to be fitted for any number of time points of measurements, unequally spaced time intervals and different measurement times among individuals. FunMap will be extended to map QTL for multivariate function-valued traits and genotype × environment interactions. FunMap will incorporate non-parametric or semiparametric approaches for functional QTL mapping and will be updated by new statistical models developed to study longitudinal data.
CONCLUSIONS
Functional mapping has emerged as a powerful statistical method for detecting biologically meaningful QTL affecting complex phenotypes characteristic of dynamic changes. We have written a Web-based QTL mapping interface for performing functional mapping analyses and making necessary hypothesis tests. Use of this software needs minimal mathematical and statistical skill, although an understanding of the theory underlying the methods will greatly help towards better interpretation of the results. By simply opening the program and putting three input files on the boxes as indicated, a user can draw the profile of the amount of support for the presence of QTL across a linkage group and the dynamic change of QTL effects during a time course.
